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Welcome to my second KIM presentation!

I Assumption: You know your Evolutionary Computing
I 1 won't assume everyone saw my rst presentation...

I so I'll whisk through the details and try not to bore those who
have

I Questions? Please write them down, all will be answered at
the end
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Background of my Master Project

I Degree: Knowledge + Ability) Art
I Fascinated by Evolution

I Multiple layers of evolution & a real problem
enough to keep me busy for a few months

TlL
T TRY.
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Introduction

Summary

I New type of GA selectionAutonomous SelectioifASGA)
I Problem: Hard to get good performance

I Goal: Calibrate ASGA parameters

I Two methods for calibrating: Meta-GA and REVAC
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Introduction

Hierarchy of Algorithms

Meta-Evolutionary Algorithms

Meta Genetic Algorithm

REVAC

Genetic Algorithms

Autonomous Selection
Genetic Algorithm

Simple Genetic Algorithm

Problem instances

Multimodal Problem Generator
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Algorithms Why Autonomous Selection?
Drawbacks of Autonomous Selection
Meta-Evolutionary Algorithms

Why Autonomous Selection?

I GAs "inherently parallel" =]

I Communication required for
selection: Scalability?

I ASGA: Compare own tness to
global mean

I Individuals determinéor
themselvedf they reproduce
and survive

it goma be?
Whpoo 0oo000°s
i+ gomne be?.
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Algorithms Why Autonomous Selection?
Drawbacks of Autonomous Selection
Meta-Evolutionary Algorithms

Drawbacks of Autonomous Selection

Population size uctuates
(goes extinct or explodes)

Result: performance is poor

Parameters hard to get
"just right", even after months
of manual tuning

Solution meta-algorithms and
lots of processors
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Algorithms / utonomous Selection?
acks of Autonomous Selection
volutionary Algorithms

Meta-Algorithm 1: Meta-GA

I Meta-GA used rst by J. Grefenstette in
1986

I Back then: few meta-generations, minor
improvement

I GA solves problem instances ; “
I Meta-GA calibrates GA q

I Meta-GA population: collection of possible |
GA-parameter combinations

I Conventional Crossover & Mutation
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Algorithms Why Autonomous Selection?
Drawbacks of Autonomous Selection
Meta-Evolutionary Algorithms

Meta-algorithm 2: Relevance Estimation and Value
Calibration

I REVAC used rst by V. Nannen in 2006
I GA solves problem instances
I REVAC calibrates GA

I REVAC population: collection of possible
GA-parameter combinations

I New operator: combines multi-parent
crossover and local-search mutation
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Hypotheses

Hypotheses

la Calibration: Better ASGA parameters
1b Sensitivity and Stability : ASGA Parameters sensitive
1c Improvement: ASGA) Better performance possible
2a Comparing algorithms :
ASGA & Meta-EAs) Better performance
2b  Simple GA:
Simple GA & Meta-EAg Don't expect much improvement
2c Applicability : Meta-EAs: should be considered in all cases
where best-practice parameters are not directly applieabl
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Experiments

Experimental Design

I Goal: nd optimal parameters (best tness)

I Find these with as few evaluations as possible
I Results signi cant?

I Determine robustness of results
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Experiments

Experimental Setup

I Problem instances: Spears multi-modal problem generator
I GA: Autonomous Selection GA versus Simple GA

I Calibration: Meta-GA versus REVAC

I Search space and granularity of calibration search space?
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Experiments

ASGA Results: Meta-GA
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Meta-GA, 10 Peaks
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Experiments

ASGA Results: REVAC

REVAC, 1 Peak REVAC, 10 Peaks
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Experiments

SGA Results: Spears 1, 100 Peak

Meta-GA, 1 Peak REVAC, 1 Peak
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Experiments

Population stability of ASGA
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Robustness ASGA & SGA

Experiments

ASGA: Meta-GA & REVAC
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Analysis & Conclusions

IEWSIS

Calibration results:
I ASGA, using Meta-GA: 5.4% improvement of best tness
I ASGA, using REVAC: no improvement
I SGA, using Meta-GA: 3.4% improvement of best tness
I SGA, using REVAC: 8.6% improvement of best tness
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Analysis & Conclusions

Conclusions

I Meta-GA nds better ASGA parameters

I REVAC nds better SGA parameters

I Calibrated results show stable ASGA-population
I Meta-evolutionary algorithms? Worthwhile!
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Analysis & Conclusions

For further information...

I Thesis & Presentation online: http://www.alextreme.org
I GAMP code (Python) available soon too
I Further work: Optimization of other GAs

YOU'RE OME OF THOSE
CONDESCENDING UNIX
COMPUTER USERS!

HERE'S A NICKEL,
KID. GET YOUR-
SELF A BETTER
COMPUTER,.

-

Syndicate, Inc. (NFE)

&2y 8 1908 United Faaturs
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Analysis & Conclusions

The End

I Thank you for your attention!
I You may now assault me with your many questions...
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